Abstract: Identification of critical source areas (CSAs) of pollution in a watershed is important for effective implementation of best management practices (BMPs). Process-based watershed models are often used for this purpose. One of the main inputs to these models is the spatially explicit soils data. The objective of this study was to evaluate whether the use of two commonly used soil data sets, the State Soil Geographic (STATSGO) and the Soil Survey Geographic (SSURGO) data, can lead to differences in location of CSAs of sediment. A watershed model, Soil and Water Assessment Tool (SWAT), in combination with the Tukey-Kramer test was used for locating CSAs in the Fish River watershed located in coastal Alabama. The model was calibrated and validated using flow data from a U.S. Geological Survey (USGS) gauging station located within the watershed. The locations of the CSAs of sediment were analyzed at subwatershed and hydrologic response unit (HRU) levels. Results show that the locations of the CSAs were different for the two soil data sets. The locations of the CSAs varied at both subwatershed and HRU levels. The use of STATSGO soil data resulted in higher soil erodibility factor and surface runoff. As a result, higher sediment yield was obtained from the use of the STATSGO data as compared with the sediment yield obtained from the use of the SSURGO data. Therefore, for accurate identification of CSAs of sediment (and potentially other pollutants) and for effective implementation of economically feasible BMPs, it is important to use the most detailed spatial data set available.
Introduction
It is now widely accepted that since the enactment of the Clean Water Act in 1972, point sources of pollution causing surface water body impairments have been largely controlled. Therefore, greater attention is being paid by the U.S. Environmental Protection Agency (U.S. EPA) and state regulatory agencies to control nonpoint source (NPS) pollution. NPS pollutants originate from diffuse sources and are carried off by runoff and/or snowmelt to surface water bodies such as lakes, rivers, wetlands, and oceans. A number of studies (Zollweg et al. 1995; Gburek and Sharpely 1998; Srinivasan et al. 2001 ) have shown that a few identifiable areas in a watershed, called critical source areas (CSAs) (White et al. 2009 ), contribute a disproportionately high amount of pollutants to a water body. Since funding to implement best management practices (BMPs) is often limited, effort is usually directed to controlling NPS pollutants from these areas.
Although identification of CSAs is important for effective implementation of BMPs and control of NPS pollution, it is often quite complex to identify these areas. Modeling techniques are often used for identifying and targeting CSAs. For example, Kalin et al. (2004) used a modified unit sedimentograph approach to identify potential sediment-generating areas in two experimental watersheds in Iowa. Other modeling tools used for identifying CSAs include the Soil Moisture Distribution and Routing (SMDR) (Srinivasan et al. 2005) , the Water Erosion Prediction Project (WEPP) (Pandey et al. 2009 ), the Kinematic Runoff and Erosion model (KINEROS) (Kalin et al. 2004) , and Soil and Water Assessment Tool (SWAT) (Tripathi et al. 2003) . SWAT is perhaps the most widely used tool (e.g., see Tripathi et al. 2003; Gitau et al. 2004; Srinivasan et al. 2005; White et al. 2009 ) for identifying CSAs and for evaluating effectiveness of BMPs in controlling NPS pollution.
These physically and semiphysically based modeling tools require spatial input data sets in the form of land use/land cover (LULC), soil, topography, etc., to represent watershed conditions. Therefore, model simulation results are affected by the quality (accuracy, spatial resolution, age, etc.) of the input data sets used. Soil data are among the most commonly used data for identifying CSAs. The U.S. Department of Agriculture Natural Resources Conservation service (USDA-NRCS) provides two different types of soil data sets, the state-level State Soil Geographic (STATSGO) data set and the county-level Soil Survey Geographic (SSURGO) data set, at two different spatial resolutions. The SSURGO database is the most detailed soil data set available for selected counties and areas throughout the United States and its territories. These are prepared by NRCS using field surveying. STATSGO is a more generalized soil data set at the state level. Few studies have been conducted in the past to quantify the effect of soil data resolution on model performance. Wang and Melesse (2006) studied the difference in simulations for water, sediment, and nutrients, using STATSGO and SSURGO data as input to the SWAT model in the upper 45% of the Elm River watershed in eastern North Dakota. They concluded that while overall predictions using SSURGO data were better, simulations with STATSGO were more accurate in case of low flow conditions. Geza and McCray (2008) concluded from their SWAT modeling study in the Turkey Creek watershed located in Jefferson County, Colorado, that because of the differences in number of hydrological response units (HRU), predicted streamflow was low for the STATSGO as compared to the SSURGO data. They also found higher sediment and sediment-attached nutrient yields with STATSGO-driven model simulations.
Although these studies have demonstrated that flow and water quality predictions are affected by the choice of soils data, they have not looked at how the locations of CSAs are affected by the choice of these soil data sets. Therefore, the objective of this study was to evaluate whether the use of the STATSGO and SSURGO data sets can lead to differences in locations of CSAs of sediment. This information is critical for accurate and effective implementation of BMPs to control NPS pollution.
Whereas SSURGO has a higher resolution and is becoming widely available, STATSGO is still widely utilized in watershed modeling. This is mainly attributable to the fact that many watershed models having geographical information systems (GIS) interfaces can automatically extract model parameters related to soil from STATSGO. Although the SWAT model developers have attempted to do so, to our knowledge, currently there is no model is equipped to do so with the SSURGO data. Thus, knowing how choice of the soil database affects CSA has practical implications. To our knowledge, this kind of analysis has not been done before.
Methodology

Study Area
The study area used in this study is the Fish River watershed located in Baldwin County, Alabama, with a drainage area of 398 km 2 (Fig. 1) . The Fish River drains into the Weeks Bay, which was designated as an Outstanding National Resource Water in 1992 by the Alabama Department of Environmental Management (ADEM). This is the highest use designation for water bodies in Alabama, and point-discharges are not permitted to such water bodies. Weeks Bay is a small subestuary of Mobile Bay receiving Fig. 1 . Location of the Fish River watershed in Alabama along with its land use distribution obtained using 1992 LULC data; locations of the precipitation and the temperature gauges are also shown approximately 75% of its freshwater from the Fish River and 25% from the Magnolia River (Fig. 1) 
Model Description
The Soil and Water Assessment Tool (SWAT) is a watershed-scale hydrologic and water quality model developed by researchers at the USDA Agricultural Research Services (ARS). SWAT is a continuous simulation model that operates at daily time step. Accurate simulation of hydrology is the backbone of the SWAT model. In SWAT, simulation of hydrology of a watershed is carried in two phases: (1) the land phase of the hydrologic cycle that controls the amount of water, sediment, nutrient, and pesticide loadings to the reach in each subwatershed, and (2) the routing phase of the hydrologic cycle that moves the water, sediment, nutrients, and pesticides through the stream network to the watershed outlet.
SWAT can use either the Soil Conservation Service (SCS) curve number method (SCS 1972) or the Green-Ampt infiltration method (Green and Ampt 1911) for calculating surface runoff. For the Green-Ampt infiltration method, subdaily precipitation (hourly) data is required. However, because of the unavailability of the subdaily precipitation data for our study area, we used the SCS curve number approach. Potential evapotranspiration during the simulation period can be calculated using the Penman-Monteith (Allen et al. 1989) , the Priestley-Taylor (Priestly and Taylor 1972) , or the Hargreaves (Hargreaves and Samani 1985) method. The Penman-Monteith method is used in this study. For routing stream flows, SWAT uses a variable storage coefficient method (Williams 1969) or the Muskingum routing method. We used the former.
SWAT calculates sediment yield using the Modified Universal Soil Loss Equation (MUSLE) (Williams 1975) . MUSLE is the modified form of the Universal Soil Loss Equation (USLE). It uses a runoff factor in place of the rainfall factor for calculating sediment yield. USLE was developed by Wischmeier and Smith (1978) . USLE calculates average annual soil loss from sheet or rill erosion on a single hillslope and does not consider deposition on the hillslope. MUSLE requires daily hydrologic simulations for calculating erosion. Other factors included in MUSLE are the soil erodibility factor, the cover and management factor, the support practice factor, the slope length factor, and the slope gradient factor. Deposition and degradation processes control the routing of sediment through the watershed channel. The amount of sediment passing through a reach is a function of the channel velocity. SWAT gives output for sediment yield in the form of total sediment loadings and also as fractions of sand, silt and clay. SWAT also models transport and transformation of nutrients in the watershed. More detail on the processes simulated in the SWAT model can be found in Neitsch et al. (2005) .
Input Data
For this study, we used ArcSWAT 2.1.6, which is a user-friendly GIS interface for SWAT 2005 that provides a complete set of tools for delineating the watershed, defining and editing inputs, processing spatial data such as soils and land use, and running and calibrating the model. ArcSWAT requires input data in the forms of digital elevation model (DEM), LULC, soil, and weather data. Details of input/output files being used in SWAT have been documented by Neitsch et al. (2005) . National Elevation data set with a 1=3 arc second resolution (10 m) was downloaded from the Seamless Data Distribution System, National Center for Earth Resources Observation and Science (EROS), and U.S. Geological Survey (USGS) (http:// seamless.usgs.gov/index.php) and processed with ArcGIS 9.2. National Land Cover Data set (NLCD) for 1992 was used as an input for LULC data. NLCD 1992 was the first land-cover mapping project to provide data for the 48 lower states including Alabama. Landsat thematic mapper (TM) data was the major source for developing this database for Multi Resolution Land Characteristics Consortium (MRLC) (Loveland and Shaw 1996) .
Two types of soil data, STATSGO and SSURGO, were used for this study. The dominant soil in the STATSGO soil data was Greenville-Orangeburg-Malbis association (AL198), covering around 70% of the Fish River watershed. Other dominant STATSGO soils for the rest of the watershed were DothanOrangeburg-Troup (AL191) and Troup-Plummer-Bayboro (AL 211) [ Fig. 2(a) ]. The SSURGO data set has a much higher resolution than the STATSGO data. However, the SSURGO data cannot be directly used in ArcSWAT; to use this data set, an ArcView extension that runs under AVSWAT was used to convert the data into the specified format. AVSWAT is the GIS interface for SWAT in ArcView 3.1 (Di Luzio et al. 2002) . SSURGO 2.0 data set preprocessor extension (Peschel et al. 2003 ) is used for making SSURGO soils data compatible with ArcSWAT. The Fish River watershed contains 106 different soil types [Fig. 2(b) ] based on SSURGO. Marlboro (very fine sandy loam, 0 to 2% slopes) and Lakeland (loamy fine sand, 0 to 5% slopes), each comprising about 10% of the whole watershed, are the two dominant SSURGO soils in the study watershed.
Rainfall data for this study was available from three climate stations, a USGS rain gauge at the USGS flow monitoring site and two National Oceanic and Atmospheric Administration (NOAA) stations, one each on the east and the west side of the USGS gauge (Fig. 1) . Thirty years of precipitation data were available from the NOAA stations, while precipitation data at the USGS station started in July 1999. Temperature data was available only from one of the NOAA stations. Data were downloaded from National Climatic Data Center (NCDC). Streamflow data were available only at the USGS gauge 02378500 (station name: Fish River near Silver Hill, Alabama; refer to Fig. 1 for its location) .
Model Setup
The Fish River watershed was delineated with the aid of the GIS interface of the SWAT using the 10 m DEM and the predefined stream network obtained from the National Hydrography Data set (NHD). The watershed was first subdivided into subwatersheds. The size and the number of the subwatersheds can be adjusted according to the need of the study by varying a threshold parameter. These subwatersheds are spatially related to one another (Neitsch et al. 2005) . We delineated the watershed boundary using a threshold area of 250 hectares for the subwatersheds so that the extracted channel network closely followed the blue lines of the topographic maps. All the parameters related to subwatersheds were then calculated automatically by ArcSWAT.
The LULC data and the soils data were then clipped using the watershed boundary. Each layer was in the projected coordinate system "NAD 1983_UTM_Zone 16N." Both SSURGO and STATSGO soil data sets were used independently. Land use and soil layers were connected with their respective databases using lookup tables. After reclassifying soil, LULC, and slope layers, the layers were overlaid to form HRUs. HRUs are the smallest units in SWAT. These are the combination of unique soil, LULC, and slope type. SWAT provides the users with the option of defining HRUs by selecting the threshold levels for land use, soil, and slope percentages; 10% was chosen as the standard for all three data sets. So any soil/land use/slope occupying less than 10% of the subwatershed area was eliminated, and the remaining soil/land uses/ slopes were redistributed within the subwatersheds. To capture the effect of nonpoint sources of pollution from urban areas, residential and commercial areas were not included in defining the threshold percentage for land use.
The number of subwatersheds resulting from the described process was 99 for each of the soil data sets. But attributable to the difference in number of soil types for SSURGO and STATSGO data sets, the number of HRUs formed were 1,635 and 827 for the SSURGO and the STATSGO data sets, respectively.
Model Calibration and Validation
The model was calibrated for flow for five years, from 1990 to 1994 for both SSURGO and STATSGO data separately. Streamflow at the USGS gauge was calibrated first on the annual basis. Monthly and daily flow calibrations were subsequently done. For calibrating streamflows, it was separated into base flow and surface flow components using the Web-based hydrograph separation program (WHAT) (Lim et al. 2005) . Validation was carried out for four years, from 1995 to 1998. Curve number (CN2), surface runoff lag coefficient (SURLAG), threshold depth of water (GWQMN), groundwater "revap" coefficient (GWREVAP), and groundwater delay (GW_DELAY) were the parameters that were adjusted during the flow calibration (Table 1) .
Calibration was not performed for sediment for two reasons. First, although some snapshot sediment concentration data were available through grab sampling at several tributaries of the Fish River, no corresponding flow data existed at those sites. Second, calibration can mask the information coming from each soil data set (Munkundan et al. 2010) . Therefore, we used the Represents final values after adjustments. Note: CN2 = Curve number, SURLAG = Surface runoff lag coefficient, GWQMN = Threshold depth of water in shallow aquifer, GWREVAP= Groundwater "revap" coefficient, GW_DELAY = Groundwater delay.
model calibrated only for flow for locating the CSAs within the watershed. Quantitative and qualitative measures were used to assess whether the streamflow simulated using the model accurately represent the observed flows. The performance of the model against the observed flows was evaluated using mass balance error (MBE ¼ ð P Sim À P Obs= P ObsÞ100), coefficient of determination (R 2 ), and Nash-Sutcliffe efficiency (E NS ) (Kalin and Hantush 2006) .
Locating CSAs from STASGO and SSURGO Data Sets
Sedimentation adversely affects water quality of surface water bodies. To control erosion and subsequent transport of eroded sediment to surface water bodies, erosion and sediment control BMPs are implemented. However, often monetary considerations limit the extent of implementation of management practices to CSAs. It is therefore important to locate CSAs responsible for high sediment loading.
In this study, SWAT in combination with the Tukey-Kramer test was used to identify potential subwatersheds and HRUs having statistically higher sediment yields. Two different models, one using the SSURGO data and the other using the STATSGO data (both calibrated and validated for flow), were used to quantify sediment yield rates from the subwatersheds. Model simulations were performed separately at the annual time scale for 17 years, from 1990 to 2007.
The Tukey-Kramer test (Kramer 1956 (Kramer , 1957 ; J. W. Tukey, unpublished manuscript, Princeton University, 1953) was used to identify and prioritize CSAs. The test compared the mean sediment yield of each subwatershed to the mean sediment yield of other subwatersheds to decide whether they are significantly different from one another. Confidence level used was 95%. The test was performed using the Statistical Analysis Software (SAS). After obtaining critical subwatersheds using the test, the same test was performed on the HRUs for the two different models (using STATSGO and SSURGO data, respectively) to identify CSAs at HRU level.
Results and Discussion
Model Calibration and Validation
Monthly streamflow data from the USGS gauge within the watershed (Fig. 1) for the period 1990-1994 was used to calibrate, and 1995-1998 to validate the SWAT model. Two different model setups of the SWAT model, one using the STATSGO soil data and the other using the SSURGO soil data, were calibrated and validated. ) show simulated flow using the STATSGO data also being slightly higher than both observed flow and the simulated flow obtained with SSURGO data. Model performance statistics showed that the model was able to represent flow conditions successfully at the USGS gauge for both soil data sets. The R 2 and E NS values were higher than 0.75 for all the simulations using both the STATSGO and the SSURGO data for calibration and validation periods. Although, monthly E NS values ranging from 0.78 to 0.87 suggest that flows were accurately simulated by the SWAT model using both soil data sets, mass balance error (MBE) for the STATSGO (MBE calibration = 8.5% and MBE validation = 14.7%) was higher than the SSURGO (MBE calibration = 1.1% and MBE validation = 8.5%) data set for both calibration and validation periods. R 2 and E NS values above 0.50 are usually considered acceptable (Srivastava et al. 2006; Santhi et al. 2001 ).
Model-Predicted Sediment Loadings
Model-simulated average annual sediment yields for the entire Fish River watershed were 134,588 and 73,705 t, for the period between 1990 and 2007 for the STATSGO and the SSURGO data sets, respectively. Calibration was not performed for sediment, so these sediment loadings represent sediment loadings generated by the uncalibrated erosion and sediment transport models. The SSURGO data set predicted less sediment loading than the STATSGO data. This is similar to the results obtained by Geza and McCray (2008) , where sediment yield obtained using the STATSGO data set was higher as compared with the sediment yield obtained from the SSURGO data set. As mentioned previously, the number and sizes of HRUs were different for SSURGO and STATSGO soil data sets. Change in the number and size of HRUs affects various sediment yields parameters (Geza and McCray 2008) such as soil erodibility factor, slope length factor, and slope gradient factor. The area weighted average soil erodibility factor calculated separately for the whole watershed with SSURGO and STATSGO data sets was 0.178 and 0.204, respectively. Thus, we found that STATSGO has a higher average soil erodibility factor than SSURGO that can eventually contribute to higher sediment yield from the STATSGO data set. It was also found that, whereas STATSGO data produced more surface runoff at the CSAs than SSURGO data, groundwater contribution was higher in the case of the SSURGO data set.
In certain CSAs, surface runoff for STATSGO was as much as 73% higher than the surface runoff simulated using the SSURGO data set, which explains higher sediment loading in the case of the STATSGO data set. This may be attributed to higher area weighted average curve number for the subwatersheds identified as CSAs while using STATSGO data. These two factors Fig. 4 . Percentage sediment yield generated from the whole watershed for the SSURGO and the STATSGO data sets based on (a) subwatershed rankings and (b) HRU rankings; also shown are the relative differences in the sediment yield from the two soil data sets They found that model using the SSURGO data set was producing lower surface runoff than the model using the STATSGO data set in all the subwatersheds except one.
Figs. 4(a) and 4(b) give percent sediment yields obtained from the corresponding watershed areas. These graphs were developed separately at the subwatershed and HRU levels. The graphs were based on the rankings of the subwatersheds and the HRUs in terms of their sediment yield per hectare. Therefore, subwatersheds and HRUs with higher sediment yields per hectare were ranked at the top. While the graph generated at the subwatershed level shows a rather gradual rise of sediment yield with the area of the watershed [ Fig. 4(a) ], the graph at the HRU level [ Fig. 4(b) ] shows that almost all the sediment yield obtained from the watershed is contributed by only 25% of the area of the watershed. These graphs highlight the importance of locating CSAs at the HRU level. The graphs also show a comparison between the SSURGO and the STASGO soil data sets in sediment yield obtained from a particular area of the watershed at the subwatershed and HRU levels. Both at the subwatershed and the HRU levels, the difference between SSURGO and STATSGO data is higher for the areas that produce large sediment loads. This information can be used to decide on the minimum land area that needs BMPs to reduce sediment yield by a given percentage.
Figs. 5(a) and 5(b), respectively, show the subwatersheds within the Fish River watershed, with graduated shades representing their respective sediment yield using STATSGO and SSURGO data. Areas with dark shades represent the areas having higher sediment yields. To represent the differences in sediment yield across the watershed, sediment yields were divided into different classes of equal interval. Subwatersheds within a certain range of sediment yields were represented with the same shades. As can be noticed from the figures, among the subwatersheds falling under the class with the highest rate of sediment yield for SSURGO and STATSGO data, only one was common (Subwatershed 40). The sediment yields from this subwatershed (area 0:46 km 2 ) were 7.4 and 20:7 t ha À1 year À1 , respectively, for SSURGO and STATSGO data. The remaining subwatersheds in the highest sediment yield class were different. For SSURGO data, those subwatersheds were Subwatershed 30 (area of 0:03 km 2 ) with a sediment yield of 8:8 t ha À1 year À1 and Subwatershed 19 (area 3:42 km 2 ) with sediment yield of 6:8 t ha À1 year À1 . For the STATSGO, it was Subwatershed 49 (0:85 km 2 ) with a sediment yield of 23:9 t ha À1 year À1 . This suggests that, in addition to the large differences in sediment yields, the locations of CSAs in the watershed varied because of the use of different soil data sets. Figs. 5(a) and 5(b) also give the distribution of subwatersheds based on their sediment yield (t=ha=year) for STATSGO and SSURGO data, respectively. The distribution depicts that there are relatively few subwatersheds with high sediment yield (t=ha=year). Hence, it becomes important to accurately identify those subwatersheds that have significantly higher sediment yields.
Locating CSAs from STATSGO and SSURGO Data Sets
The Tukey-Kramer test was used twice, first to identify CSAs at the subwatershed level and second to identify CSAs at the HRU level. The statistical test, along with multiple comparisons among the means of sediment yield of the subwatersheds, also arranged the subwatersheds in descending order of their average sediment yield per hectare. Subwatersheds that were at the bottom of the list had significantly lower sediment yields (t=ha=year). These subwatersheds were not considered as CSAs and were removed from the analysis. As summarized in Table 2 , although STATSGO data suggested that 35 subwatersheds covering 138:11 km 2 were contributing approximately 60% of the total sediment load, SSURGO data suggested that the number of critical subwatersheds having significantly different sediment yield was 45, covering about half of the watershed to yield 72.7% of the total sediment load. Fig. 6(a) presents the details of the results from the Tukey-Kramer test in the form of box plots for the critical subwatersheds along with their average annual sediment yields for STATSGO data. Subwatersheds with similar average sediment yield at the 95% confidence level are represented by the same alphabet in the figure. Note that the horizontal axis is truncated at 21 because of space. Based on Table 3 presents a summary of the number and area of HRUs formed using STATSGO and SSURGO data. Three HRUs with the highest sediment yield rates (t=ha=year) for the STATSGO and the SSURGO are marked within their subwatersheds in Figs. 5(a) and 5(b), respectively. For the STATSGO data, the subwatersheds containing these critical HRUs were 8 and 59, while for the SSURGO data the subwatersheds were 6, 73, and 78. The change in soil type thus resulted in varying locations of CSAs. The weighted average clay, silt, sand, and rock percentages for the whole watershed were 10. 1, 13.4, 73.7, 2.8; and 8.8 15.4, 58.6, and 17 .2% for STATSGO and SSURGO soil data sets, respectively. Note the high rock percentage in SSURGO, which does not contribute to sediment yield. Furthermore, CSAs for both soil data sets represented a unique combination of land use, soil type, and slope. All the CSAs are located in urban areas with the soil having relatively higher percentage of silt (greater than or equal to 19.6%), and slope greater than 10%. The subwatersheds containing the CSAs were different from those obtained previously on the basis of the sediment yield per hectare at the subwatershed level (Fig. 5) . Similar to the selection procedure for the subwatersheds, those HRUs that had significantly lower total sediment yield were eliminated. The HRUs that were selected after the Tukey-Kramer test having significantly higher sediment yield were considered as CSAs for the watershed at the HRU level. The results presented in summarized form in Table 4 suggest that when STATSGO data were used, about 0.66% of the whole watershed was contributing to about 15.4% of the total sediment yield. Similar results were obtained using the SSURGO data, whereas 5.2% of the total sediment yield was coming from only 0.14% of the watershed area. Details of the sediment yields (t=ha=year) obtained from CSAs at the HRU level are presented in Figs. 7(a) and 7(b) for STATSGO and SSURGO data, respectively.
Comparison of the results obtained using the STATSGO and the SSURGO data sets in the number of HRUs and the percentage of the watershed area responsible for a given percentage of the total sediment yield are shown in Table 5 . Although the number of HRUs at each step of the table for SSURGO data was twice that of STATSGO data, the percentage contributing area for any particular percentage sediment yield was about the same. As shown in the table, half of the total sediment yield obtained for the whole watershed is coming from 6.75% of the watershed for STATSGO data and 7.23% for SSURGO data. 
Summary and Conclusions
Critical source areas of pollution in a watershed are often identified using watershed models. One of the main inputs to these models is the soil data. Two often-used soil data sets are STATSGO and SSURGO data. The objective of this study was to evaluate whether the use of the STATSGO and the SSURGO data set can lead to differences in locations of CSAs of sediment. The study was carried out in the Fish River watershed in coastal Alabama. Two different SWAT model setups for the Fish River watershed were used; one using the STATSGO data and the other using SSURGO data. The Tukey-Kramer statistical test was then used to identify CSAs of sediment at subwatershed and HRU levels.
Results showed that total sediment yield obtained through the use of STATSGO data were much higher than those obtained using the SSURGO data. This was attributed to the combined effect of higher soil erodibility factor and higher surface runoff in CSAs using STATSGO data. As expected, at the subwatershed level, a relatively larger area was identified as CSA of sediment. At the HRU level the CSAs covered a much smaller fraction of the watershed. Overall, at the HRU level, around 7% of the watershed was identified as contributing to almost half of the entire sediment yield from the watershed. At the subwatershed level, around 27% of the watershed area was contributing to half of the total sediment yield. Since the total area of the watershed that needs BMP affects the cost of implementation and maintenance of BMPs, the HRU level approach should be used for identifying CSAs. Furthermore, it was found that the locations of CSAs were different at the subwatershed and HRU levels, when different soil data sets (SSURGO versus STATSGO) were used. The top CSAs were characterized by their combination of urban lands use, high silt content of the soil, and higher slopes (> 10%). This suggests that the order of CSAs might change depending on the resolution of the input data used. Therefore, a careful selection of soil input data set is necessary for identification of CSAs within a watershed. 
